Dissecting the genes involved in complex traits can be confounded by multiple factors including extensive epistatic interactions among genes, the involvement of epigenetic regulators, and the variable expressivity of traits. Although quantitative trait locus (QTL) analysis has been a powerful tool for localizing the chromosomal regions underlying complex traits, systematically identifying the causal genes remains challenging. Here, we demonstrate a strategy for narrowing QTLs utilizing comparative genomics and bioinformatics techniques through its application to plasma levels of high density lipoprotein cholesterol (HDL) in mice. We show how QTLs detected in multiple crosses are subjected to both combined cross analysis and haplotype block analysis; how QTLs from one species are mapped to the concordant regions in another species; and how genome-wide scans associating haplotype groups to their phenotypes can be used to prioritize the narrowed regions. Then, we illustrate how these individual methods for narrowing QTLs can be systematically integrated for mouse chromosomes 12 and 15, resulting in a significantly reduced number of candidate genes, often from hundreds to fewer than ten. Finally, we give an example of how additional bioinformatics resources can be combined with experiments to determine the most likely quantitative trait genes.
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INTRODUCTION
Complex traits are the rule rather than the exception in nature, regardless of whether one's scientific perspective originates within the realm of agriculture, ecology, medicine, or another biological discipline. Heritable phenotypic variation is the cornerstone of natural and artificial selection. Simple one-to-one relationships between traits and genes would yield predictable and easily manipulated outcomes. Indeed, farmers, horticulturists, and breeders have been manipulating the traits of organisms for millennia (Kislev et al. 2006; PRINGLE 1998; VILA et al. 1997) . However, almost all traits are controlled by complex gene-gene and gene-environment interactions, and the predictable manipulation of the genes or gene products controlling them is anything but simple. Successful dissection of the individual genetic components of complex, or quantitative, traits will reveal invaluable insights into their regulation and will provide targets for their manipulation. In addition, since the investigation of proximate factors and the study of ultimate causes are complementary, this reductionist approach of dissecting out quantitative trait genes will likely prove to be a Rosetta stone for comprehending the roles of adaptation, evolutionary legacy, and pleiotropy in maintaining variation within traits.
Model organisms facilitate the discovery of complex trait genes through classical experimental techniques and, more recently, through the application of bioinformatics resources and tools. For biomedical researchers, they also provide important models for many human diseases. Using model organisms, many complex traits of medical and agricultural importance have been mapped to chromosomal regions by quantitative trait locus (QTL) analysis (MOORE and NAGLE 2000; PETERS et al. 2007 (FLINT et al. 2005) . Much of the difficulty associated with proving QTGs lies in the prolonged and costly process of narrowing a QTL to a region with few enough candidate genes that each can be thoroughly tested.
This ability to reduce QTLs to a small number of testable candidate genes will be essential for increasing the rate at which QTGs are identified and proven. We herein present an effective strategy for narrowing QTLs that harnesses the power of a variety of methods by combining results from experimental crosses with the newer bioinformatics tools and statistical methods reviewed recently (DIPETRILLO et al. 2005 ).
We systematically demonstrate the step-by-step integration of experimentally determined QTLs with combined cross results, haplotype block analyses, comparative genomics, and genome-wide haplotype association mapping (HAM) using plasma levels of high density lipoprotein cholesterol (HDL) in inbred lines of mice as an example complex trait.
The effectiveness of integrating these methods for narrowing QTL regions, and hence reducing candidate gene lists, is illustrated using two different mouse chromosomes (Chrs) as specific examples. Our analysis of mouse Chr 12 illustrates the application and integration of all four bioinformatics tools, and our analysis of mouse Chr 15 provides an example of the effectiveness of this strategy even if not all tools are applicable.
METHODS AND RESULTS
To visualize this integration of QTL-narrowing methods, we first standardized a system for representing the different components of our analysis on chromosome maps.
Here, we represent the mouse chromosomes using one column per 1.0 Mb in Excel® spreadsheets, but any program with the ability to manipulate information in rows and columns would suffice. Alternatively, the genome browsers Ensembl (http://www.ensembl.org) and UCSC Genome Bioinformatics (http://genome.ucsc.edu) include software that enables users to upload customized datasets, in a mutually compatible format, as additional annotation tracks (HUBBARD et al. 2006; KENT et al. 2002; KUHN et al. 2007) . One advantage of using the genome browser tools is that the dataset is automatically updated as new builds are released.
After constructing chromosome maps of appropriate lengths, we add the following: 1) the peak and 95% confidence intervals for all relevant QTL analyses, 2) the peak and 95% confidence intervals for combined cross analyses, 3) the regions where QTLs of other species are homologous to the study organism's QTLs, 4) the results of haplotype block analyses, and 5) the results of HAM analyses. Figure 1 illustrates the results of this process for our two murine HDL QTL examples.
(INSERT FIGURE 1)
QTL Mapping
HDL cholesterol is a highly complex trait, as evidenced by approximately 40 unique QTLs influencing plasma HDL levels in mice. These unique loci were estimated from the 111 HDL QTLs identified by 23 different inbred line crosses (ROLLINS et al. 2006) . We placed the peak location and the 95% confidence intervals of each cross onto our chromosome maps. If published crosses reported no confidence intervals, we estimated them to be 20 cM surrounding the peak. Because genetic linkage positions (centimorgans, cM) from QTL analyses are based on recombination frequencies, precise conversion to physical positions (megabases, Mb) is difficult to standardize. To standardize our conversion of cM to Mb, first we created a publicly available databaselinking cM to Mb through MIT markers (http://pga.jax.org/qtl.index or at http://cgd.jax.org). Second, for the edges and peaks of our QTLs and combined crosses, we averaged the Mb values for the relevant cM positions and calculated their standard deviations. For the edges, we chose the most inclusive MIT marker within one standard deviation of the mean Mb value; for the peaks, we chose the MIT marker closest to the mean Mb value. Figure 1A shows mouse Chr 12 with its three known HDL QTLs: 129S1/SvImJ x RIIIS/J (129 x RIII) (LYONS et al. 2004) , C57BL/6J x 129S1/SvImJ (B6 x 129) (ISHIMORI et al. 2004) , and RF/J x NZB/B1NJ (RF x NZB) (WERGEDAL et al. 2007) . We also present mouse Chr 15 ( Figure 1B ) with only its mid-region HDL QTL illustrated: MRL/lpr x BALB/cJ (MRL x BALB) (GU et al. 1999) . Although Chr 15 has HDL QTLs at its proximal, middle, and distal regions, we are presenting the mid-chromosome QTL alone to demonstrate both the limitations and successes of using this integrated strategy for a QTL supported by only a single known cross.
Because the following methods depend on the assumption that co-localized QTLs share causal genes, we advocate examining the chromosomal LOD score plots for the possibility of multiple peaks. In the case of a QTL with multiple causal genes, the researcher should be aware that the portions removed from consideration by the following methods may contain QTL genes, and that the focus of this method will therefore be on genes shared by all crosses in the analysis. For example, an examination of the chromosome scans of RIII x 129 and B6 x 129 for Chr 12 (Figure 2) shows that the RIII x 129 QTL may have multiple peaks and may therefore be caused by multiple genes. Distinct peaks are not discernable in the RF x NZB chromosome scan for Chr 12 (not shown), but its broad peak suggests the possibility that it also contains multiple causal genes (WERGEDAL et al. 2007) . Therefore, we acknowledge that the analysis of Chr 12 presented here will uncover only the causal genes common to all three crosses.
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Combined Cross Analysis
It is possible to combine the genotype and phenotype data from crosses that yield co-localized QTLs (LI et al. 2005) , the assumption being that the QTLs from each cross are caused by the same underlying gene. By recoding the genotypes of the different crosses as "high", "low", and "heterozygous", crosses genotyped with different markers can be combined using freely available software such as Pseudomarker This process of combining crosses increases statistical power. Therefore, when the assumption that the QTLs are caused by the same gene is valid, the 95% confidence interval of the underlying unique QTL is typically narrowed. An excellent example was illustrated by DiPetrillo et al. (2005) , where combining four crosses for an HDL QTL on Chr 4 narrowed the QTL from 30 cM to 10 cM. However, sometimes the assumption is violated. In such cases, where the QTLs are caused by multiple genes, the increased statistical power of combining crosses may help discern that fact. For example, when multiple causal genes are shared by the QTLs from different crosses, combining those crosses may reveal distinct multiple peaks, as illustrated by Ishimori et al. (2008) where two crosses yielding a broad QTL for bone mineral density on Chr 9
were combined revealing two distinct peaks at cM 34 and cM 50. On the other hand, when the different cross QTLs are caused by completely different genes, combining those crosses may fail to narrow or may even widen the 95% confidence interval. In any case, the exercise of combining the crosses of co-located QTLs can be informative, as it may provide an indicator that one's assumptions about those QTLs are overly simplistic. If there is some indication that the QTLs are caused by completely different genes, then one would hesitate to continue work based on that assumption.
In our example, we combined the two crosses on Chr 12 with publicly available datasets using MATLAB® software ( Figure 1A ). The 330 samples from RIII x 129 (LOD 5.1) plus the 294 samples from B6 x 129 (LOD 6.2) combined to yield a narrowed interval with a LOD score of 11.7. This reduced the QTL to a 26.3 Mb interval containing 135 genes.
Comparative Genomics
Conservation of genes and proteins across a wide evolutionary spectrum validates the use of model organisms as indispensable tools for a broad array of queries in biology. For queries in the biomedical sciences, comparisons between rodents and humans are especially useful owing both to the relatively recent evolutionary split between the two lineages and to the extensive data already available on rodents.
However, comparisons among a variety of organisms are increasingly tenable thanks to the recent explosion and continued growth of shared genome resources. Comparative genomics is therefore becoming a more useful and powerful tool for locating the genes underlying traits of interest across a range of biological disciplines.
In addition to our ever-increasing wealth of genome sequence data and published QTL studies, curated web-based resources for helping researchers directly compare syntenic regions across species are available and improving. In addition to the Rat Genome Database (http://rgd.mcw.edu) where comparisons among rat, mouse, and human QTLs can be made, there are excellent resources within the field of agricultural genetics that also allow for the side-by-side comparison of QTL data across species. For example, The Animal QTLdb (http://www.animalgenome.org/QTLdb) is a comprehensive database which allows for the direct comparison of concordant QTLs across genomes; it is currently limited to livestock (chicken, cow, pig, and sheep), but is expected to expand to include rat, mouse, and human data as well (ZHI-LIANG and JAMES 2007) . Gramene (http://www.gramene.org), another valuable resource, is a repository and tool for investigations of cereal genomes including rice, wheat, maize, sorghum, barley, rye, sugarcane, and other agriculturally important crop grasses (JAISWAL et al. 2006 We incorporated this human QTL information with the data from previous steps by adding these homologous human HDL QTLs to our integrated chromosome maps (Figure 1) . By considering only those QTL regions within both the combined crosses and the comparative genomics intervals, we further narrowed both of our QTLs. The
Chr 12 QTL was reduced from 26.3 to 12.0 Mb, and the Chr 15 QTL from 23.9 to 18.4
Mb, with a corresponding reduction from 135 to 49 and 147 to 119 genes respectively.
Haplotype Block Analysis
Linkage disequilibrium (LD) is evident in the mosaic block-like arrangement of genetic variation along chromosomes, in which discrete patterns of contiguous shared polymorphic alleles are observed within species. These shared regions of polymorphic alleles, or "haplotype blocks", stem from ancestral meiotic crossovers and are the basis for both haplotype block analyses and HAM (described in the following section). Within a species or population, the maximum number of discernable haplotypes within any haplotype block depends on the number of lineages represented in that group.
Recently derived evolutionary lineages and recently bottlenecked populations will have fewer haplotype groups and larger blocks, making them especially amenable to this type of analysis. This is particularly true of the laboratory mouse, a lineage established about 100 years ago from a limited set of founders; these founders were primarily Mus domesticus, but there were genetic contributions from M. musculus and M. castaneus as well (YANG et al. 2007 ). As such, the inbred laboratory strains have large blocks of DNA regions that appear to be identical by descent.
Performing haplotype block analyses requires dense marker maps at the chromosomal region of interest for the strains or populations in which the QTL was identified. To exploit this by-product of genomic evolution for the purpose of narrowing QTLs, we make the assumption that shared haplotypes within haplotype blocks correspond to shared variation in complex traits. In other words, we assume that differences in the causative gene are present in the ancestral variation and are not due to mutations that have occurred since the most recent common ancestor in outbred populations or among the founders of inbred lines of laboratory organisms. "Nonancestral" variation in laboratory mice, or recent variation among strains within clades, is especially unlikely when multiple crosses support a QTL.
QTLs are narrowed by including only those haplotype blocks that segregate according to the expectation that strains or populations that share the "high" allele will share one haplotype, while strains or populations that share the "low" allele will share a second haplotype. However, researchers must be aware of the divergent lineages in their experiments, as those may have alternate "high" and "low" alleles. For example, for a mouse QTL supported by the crosses C57BL/6J x CAST/EiJ (B6 x CAST) and C57BL/6J x DBA/2J (B6 x DBA), it is not always reasonable to assume that the wildderived strain CAST, which is mainly composed of M. m. castaneus genomic regions, will share the same allele with the "classic" inbred strain DBA, which is derived mainly from M. m. domesticus with some stretches of M. m. musculus and very little M. m.
castaneus (YANG et al. 2007) . In this case, haplotype analyses should therefore be performed both with and without the CAST/EiJ haplotypes.
In addition, if evidence suggests that a QTL might be caused by multiple genes, then haplotype block analyses should be conducted using each appropriate combination of strains or populations. For example, since the complex LOD score plot of the RIII x 129 QTL in our Chr 12 example revealed the possible presence of multiple peaks (Figure 2 ), there may be more than one QTG responsible. Therefore, to investigate each apparent peak, such as the apparent peak in the region where only RIII x 129 and NZB x RF overlap, we would haplotype each strain combination in separate analyses (not shown).
To conduct our haplotype block analyses, we used marker maps consisting of 7,557 (Chr 12) and 7,361 (Chr 15) SNPs from a combination of SNP resources including Wellcome Trust, Broad Institute, and Perlegen, and we performed all analyses using Excel®. Alternatively, for mouse research, an additional online tool that permits haplotype analysis across the entire genome for 16 strains of inbred mice is available through the Mouse Phenome Database (http://www.jax.org/phenome) (BOGUE et al. 2007 ). Since the resolution of both haplotype analysis and haplotype association analysis are finer than the 1.0 Mb resolution of our maps in Figure 1 , we suggest simultaneously mapping your results from these analyses onto a complete gene list for the relevant chromosomal interval. This can be accomplished either by downloading gene lists (e.g., using Ensembl's BioMart data-mining tool or UCSC Genome Bioinformatics' Table Browser ) and then aligning this data to your map information, or by uploading customized annotation tracks directly to the Ensembl or UCSC genome browsers.
In our example, examining only the intervals left within the narrowed region that are also located within our haplotype blocks (Figure 1 ), our number of candidates were further reduced from 49 to nine (Chr 12) and 119 to 43 (Chr 15) genes.
Haplotype Association Mapping (HAM)
Haplotype association mapping for complex traits, previously referred to as in silico QTL mapping, requires both dense marker maps and phenotype data for multiple inbred strains or populations. First proposed by Grupe (GRUPE et al. 2001) and subsequently improved by Pletcher (PLETCHER et al. 2004) , HAM employs an algorithm that systematically scans a genome searching for genotype-phenotype correlations. In essence, as a sliding window of analysis moves through the marker map, shared haplotypes are grouped, the mean phenotype values of the haplotype groups are computed, analyses of variance (ANOVA) are carried out, and permutations are performed to establish thresholds of significance. The statistical power of the analysis is influenced by the composition of the strain panel, the density and distribution of SNPs used, and the sliding window size. HAM as a method has been criticized primarily because of its perceived high rate of false positives (CHESLER et al. 2001) , but there are also concerns about the use of related strains for HAM, the confidence interval of the HAM peaks, the method used to determine statistical significance, and how best to determine the appropriate strain number and SNP density for different traits (CERVINO et al. 2007; MCCLURG et al. 2006; PLETCHER et al. 2004; ZHANG et al. 2005) . We recognize that these are legitimate concerns and that the method needs improvements.
Nevertheless, researchers have shown its usefulness under certain conditions (CERVINO et al. 2007; PAYSEUR and PLACE 2007; PLETCHER et al. 2004) . And, we have found that, when integrated with experimental crosses and the bioinformatics techniques we describe here, HAM can be a powerful QTL-narrowing method particularly if a sufficient number of strains and SNPs are used to increase the statistical power The exact list of strains, the HDL data, and the SNPs used are available at http://cgd.jax.org (dataset: HDL HAM).
Although methods for improving or replacing the sliding window in HAM analyses are being refined by other researchers, here we used a sliding 3-SNP-wide window and a simple scan model of "phenotype = haplotype" followed by permutation tests using 1,000 permutations to determine significance. Peak locations at thresholds corresponding to genome wide significance of P < 0.05 (significant), P < 0.1 (highly suggestive), and P < 0.63 (suggestive) (CHURCHILL and DOERGE 1994) were determined and mapped (Figure 1 ). However, on Chr 15, only suggestive peaks were found; and, on Chr 12, its many suggestive peaks for HDL obscured its significant peaks, so only the latter were mapped. For both chromosomes, we also included 500 kb on either side of each HAM peak in our analysis. We did this because it has become evident that, while accurate, association mapping (both HAM and genome wide association studies)
lacks precision due to incompletely understood linkage disequilibrium. By adding 500 kb around our HAM peaks, we are attempting to mitigate this lack of precision and are hoping that the extra megabase included captures all potential underlying genes.
By considering only the QTL coordinates within the combined crosses interval, the comparative genomics regions, the haplotype blocks, and also the HAM peaks, our two QTLs were even further reduced from 2.9 to 0.6 Mb and from 4.3 to 0.7 Mb (Figure   1 ), corresponding to a final reduction in the number of candidate genes from nine on Chr 12 and from 43 on Chr 15 to seven in each case (Table 1) .
Identifying Quantitative Trait Genes (QTGs)
Although rigorous experimental testing of all narrowed QTL candidate genes would be ideal, such a strategy is not always practical. Using our narrowed list of seven candidate genes for the Chr 12 HDL QTL, here we provide an example of how to arrive at the most probable underlying QTG by judiciously combining publicly available bioinformatics resources with laboratory experiments.
Because trait variation is caused by changes in the function of a protein or by differences in the amount of protein available, we start by searching for SNPs and expression differences between the parental strains of the QTL crosses. For examining gene expression differences, databases of expression profiles are increasingly available. In mice, strain-specific mRNA expression profiles of liver tissue for 12 strains are available at http://www.ncbi.nlm.nih.gov/geo (accession GSE10493), and eQTL data for liver, fat, adipose, and pancreas tissues in up to 33 strains, as well as tissue expression levels in over 75 tissue types are available through the Genomics Institute of the Novartis Foundation (GNF) BioGPS Website and Database (https://biogps.gnf.org). For each candidate gene with available data, an examination of the expression differences among the parental strains should be conducted. In addition, the tissue-specific expression data should be examined if one expects increased expression in a certain tissue type. For example, for our HDL candidate QTGs, we looked for evidence of expression at least two times greater than the median in liver tissue, which plays a critical role in cholesterol metabolism.
For our seven Chr 12 candidate genes, we searched these publicly available databases and have compiled the results in Table 2 . In Prps1l1 and Ahr, we found evidence of non-synonymous SNPs that differ between B6 and 129, and that are the same for the "high" HDL strains NZB and 129. SNP information for RIII and RF is either imputed or not available, so these strains were not included. Prps1l1, a phosphoribosyl pyrophosphate synthetase 1-like expressed sequence, has one non-synonymous SNP.
This SNP causes a change in polarity and is located within the phosphoribosyl transferase domain and the ribose-phosphate pyrophosphokinase domain; however, it is not currently known whether this substitution causes any change in function. Ahr, the aryl hydrocarbon receptor, has three non-synonymous SNPs including one located in a functional domain, the PAC domain, a structurally conserved region involved in the conformational changes that occur in its associated PAS domain during ligand binding and activation for signal transduction (VREEDE et al. 2003) . Although this alanine-tovaline substitution does not cause a polarity or acidity change, it is known to result in a 4-fold reduction in specific ligand binding (POLAND et al. 1994) . In addition, while we found no significant expression differences greater than 1.5 fold between 129 and B6 in any of the genes, we did find that both Ahr and Immp2l are highly expressed in liver tissue. Prps1l1, on the other hand, is mainly expressed in the testes.
Bioinformatics has thus reduced a large QTL to three possible candidate genes 
